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Abstract 
Management of watersheds and water resources requires the use and 
integration of multiple indicators including in-stream physical, chemical, and biotic 
criteria. Recent emphasis has been placed on the use oflandscape indicators such as 
land use, geology, and climate data to assess stream structure and function. In this 
study, the influence oflandscape indicators on macroinvertebrate communities is 
assessed at multiple spatial _scales to determine the relative effects of landscape 
influences at differing spatial scales in the predominately forested Triplett Creek 
Watershed. Spatial scales assessed in this analysis include the entire catchment, a 
125m riparian buffer of the entire stream network upstream of sampling sites, and a 
125m buffer of a 1000m reach upstream of sampling sites. The longitudinal position 
of sampling sites was the most important predictor of in-stream communities at all 
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spatial scales. Variables associated with urban landcover (percent urban, distance to 
urban land use) were the most significant land use predictors of macroinvertebrate 
abundance and community composition at the catchment and stream network riparian 
buffer scales. Quantification of landscape metrics in a 125m buffer of a 1 000m reach 
upstream of sampling sites indicated an increase in the relative predictive power of 
intact forested riparian areas near sampling sites and local landscape patch density. 
These results suggest urban land use is the most influential landscape scale factor on 
macroinvertebrate communities in predominately forested landscapes, and this 
relationship is most evident at larger spatial scales such as the catchment. At smaller 
scales, the influence of forested lands is more important, indicating the importance of 
intact riparian zones for maintaining in-stream community structure. Riparian 
vegetation can, however be. constrained or overwhelmed by factors operating at larger 
spatial scales. Management should be concerned with catchment scale land use 
patterns, along with riparian vegetation and in-stream properties, to properly manage 
watersheds. 
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Introduction 
Many governments across the globe have enacted laws calling for mandatory 
assessments of aquatic ecosystems. In the United States, the Clean Water Act (CWA) 
was enacted in 1972 to restore and maintain the chemical, physical, and biological 
integrity of the Nation's waters. Specifically, the main goal of the 1972 CWA 
amendments (33 U.S.C. §§ 1251-1376) was to eliminate all discharges of pollutants 
by 1985. Since the enactment of the CWA, much progress has been made on 
reducing pollutant discharges, but the CW A fell short of its goal of eliminating all 
pollutant discharges by 1985. Data from the most recent national water quality 
inventory in 2000 indicates that 39% of assessed stream miles, 45% of assessed lake 
acres, and 51 % of assessed estuary acres are impaired (USEPA 2003). 
Significant advancements have been made in the reduction of point source 
pollution to our nation's waters which the CWA defines as "any discemable, confined 
and discrete conveyance, including but not limited to any pipe, ditch, channel, tunnel, 
conduit, well, discrete fissure, container, rolling stock, concentrated animal feeding 
operation, or vessel or other floating craft from which pollutants are or may be 
discharged." Pollution discharges from these sources have been reduced substantially 
due to the National Pollutant Discharge Elimination System (NPDES), which 
mandates all facilities discharging pollutants from a point source to obtain a permit prior 
to discharge of effluents. 
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Despite progress being made in cleaning up point source discharges, our 
aquatic resources are still showing signs of impairment, primarily due to increases in 
non-point source pollution. Legally, non-point source pollution is defined as any 
source not categorized as a point source pollutant. More specifically, non-point 
sources of pollution are generally characterized as any diffuse source of pollution 
resulting from precipitation, land runoff, infiltration, drainage, seepage, hydrologic 
modification, or atmospheric deposition (USEPA 2003). Of all impaired stream 
miles assessed in 2000, 59% were impaired due to agricultural practices making 
agriculture the leading source of impairment to the nation's water (USEPA 2005). 
Agriculture results in many forms of degradation including sedimentation, affecting 
38% of assessed stream miles, and eutrophication, affecting 28% of impaired stream 
miles. 
Water body impairment is determined through rigorous and labor intensive 
assessments of many water quality indicators including chemical, physical, and 
biological data, all of which have their own unique advantages and disadvantages 
(Table 1 ). Inclusion of multiple indicators provid1is a comprehensive view of stream 
health and integrity, and a working knowledge of the interrelationships between the 
different categories of indicators is essential to properly understand the structure and 
function of stream systems. Knowing, for example, how landscape indicators affect 
the chemical and biotic properties of the water aids in the development of watershed 
management plans and initiatives. This research focuses on establishing the 
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Table I. Comparison of the general types of indicators used to quantify stream health (Gergel et al. 2002). 
Indicator 
Cemical 
Indicators 
Biotic 
Indicators 
Advantages 
Direct measure of in-stream attributes. 
May be seasonally variable. 
Citizen monitoring is economical. 
Biotic indicators may be able to integrate many 
changes in watershed conditions over time. 
Indices using fish are relatively easy to identify 
in the field. 
Hydrologic Historic flow data is often readily available. 
Indicators 
Physical 
Habitat 
Landscape 
Indicators 
Can provide long-term assessment of 
geomorphic changes. 
Can be assessed at many spatial scales. 
Can be linked to other indicators. 
Provides direct measure of human influence. 
Data readily available and easily stored. 
Allows analysis of very large areas. 
Disadvantages 
Delivery may occur at peak flows which may be missed 
by sampling. 
Can be hard to collect, store, and analyze. 
Invertebrate indicators can be extremely labor intensive. 
Provides qualitative or relative measures. 
May not provide any indication of why a stream is 
degraded. 
Many indices have not been tested in a variety of 
ecoregional settings. 
Measures may not be biologically relevant. 
Can be labor intensive due to many spatial scales of 
interest. 
Requires training in geographic information systems 
and image interpretation. 
Limited to resolution attributes of the data. 
Most useful spatial extent of indicators needs to be 
established. 
relationships between landscape scale indicators and biotic indicators, particularly 
' ' 
macroinvertebrates, in an Eastern Kentucky stream network. 
Importance of Macroinvertebrates in Stream Ecology 
Macroinvertebrates have been well documented for their sensitivity to myriad 
environmental variables, resulting in their frequent use in assessing aquatic habitat 
health and integrity. Rosenberg and Resh (1993) related the utility of aquatic 
macroinvertebrate surveys in water quality assessments to several life history 
characteristics. Macroinvertebrates are ubiquitous organisms, with a high species 
richness, constantly exposed to disturbances in all aquatic habitats allowing for an 
array of observable responses to a wide range of water quality issues. Their relatively 
sedentary nature permits spatial separation of stressed versus unstressed areas, and 
long life cycles relative to other groups (i.e. algae) aids in temporal analysis of study 
sites. 
The first studies utilizing biomonitors to assess environmental change began 
in the early 1900s (Cairns and Pratt 1993) with the development of the idea of 
saprobity in the rivers of Europe. Saprobity is a measure of the degree of organic 
enrichment in water and the resulting decrease in dissolved oxygen levels. These 
studies suggested that some taxa were able to withstand degraded waters and habitats 
better than others, and the presence/absence of particular taxa lends insight into the 
physical and chemical composition of the water. This realization led to the 
development of indicator taxa lists. From these indicator species lists indirect 
determinations of water quality and integrity could be made if the ecology and life 
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history habits of the indicator species was known in detail. If, for example, a taxon is 
recorded from a site that requires specific conductivity levels ranging from 250µS/cm 
to 400 µSiem then it can be inferred that the conductivity of the water at the sample 
site is within this range. Therefore, by knowing the ecological gradient thresholds for 
a taxon, its presence/absence from a system can be used to interpret water and habitat 
quality. 
The limits of the indicator taxa approach have been acknowledged by many 
researchers (Cairns 1974, Cummins 1974, Cairns and Pratt 1993). First, taxa with 
limited geographical ranges cannot be used because their utility is restricted to a small 
area. Second, the presence of indicator taxa is not sufficient evidence to make 
determinations about water quality. Analysis of structure and function at the 
community level would allow for better extrapolation of biological data to stream 
integrity and functioning (Cairns 1974, Cummins 1974). Finally, the creation of 
broad-scale indicator lists would be impossible due to the spatial variation in taxa 
across the landscape. For these reasons, indicator species analysis is a good 
preliminary step in the assessment of an aquatic system, but indicator taxa should not 
be used solely to make determinations of stream health and integrity. 
The analysis of community structure allows for a better determination of the 
structure and function of the biotic community and stream integrity when compared 
to the indicator taxa approach. Recent studies (Townsend et al. 1983, Ormerond and 
Edwards 1987, Crosser 1989, Rundle et al. 1992, Hawkins et al. 1997, Lods-Crozet et 
al. 2001, Stewart et al. 2001, Aguiar et al. 2002, Kennen and Ayers 2002, Weigel et 
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al. 2003) have analyzed variance in macroinvertebrate community structure by 
incorporating many in situ environmental variables into multivariate models. Results 
of these analyses have shown that many in-stream variables including substrate 
composition (Richards et al. 1993, Lods-Crozet et al. 2001, Weigel et al. 2003), 
conductivity (Aguiar et al. 2002, Weigel et al. 2003), and velocity (Townsend et al. 
1983) affect community structure in a natural setting. Multivariate approaches are 
more appropriate in analyzing stream health and integrity for several reasons. First, 
multivariate analyses incorporate many variables, both independent and dependent, 
into a single analysis, allowing a better understanding of community structure and 
function at the ecosystem level. Second, this methodology accounts for synergistic 
effects caused by the interactions of two or more environmental variables, and finally, 
the inclusion of many independent and dependent variables provides a more holistic 
evaluation and understanding of community structure in relation to the surrounding 
environment. 
Incorporation of Landscape Indicators in Stream Ecology 
Hynes (1975) synthesized the expanding literature on the effects of the 
surrounding landscape on stream structure and function. From this work he 
concluded that "in every aspect, the valley rules the stream." An understanding of 
landscape influences on stream structure and function provides watershed 
management teams with the knowledge to adequately manage valuable water 
resources. Until recently, however, few have studied the effects oflandscape 
indicators on stream structure and function (Wang et al. 1997), primarily because of 
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the limitations in methodology for quantifying landscape scale variables. However, 
with the advent and advancement of geospatial technologies such as geographic 
information systems and remote sensing, incorporating landscape scale factors and 
their impact on aquatic ecosystems are becoming more common in stream ecosystem 
studies (Wang et al. 1997). The emphasis on the incorporation oflandscape scale 
indicators has become so great that the Journal of Freshwater Biology devoted an 
entire issue to the catchment scale analysis of aquatic ecosystems (Allan and Johnson 
1997). Research has focused primarily on relating landscape scale variables to in-
stream physical, chemical, and biological components (Richards and Host 1994, 
Richards et al. 1996, Roth et al; 1996, Allan et al. 1997, Johnson et al. 1997, 
Richards et al. 1997, Townsend et al. 1997, Wang et al. 1997, Lammert and Allan 
1999, Stewart et al. 2001, Genito et al. 2002, Kennen and Ayers 2002, Weigel et al. 
2003). Variables analyzed in watershed scale studies have included land use/cover 
data (Roth et al. 1996, Wang et al. 1997, Lammert and Allan 1999, Weigel et al. 
2003), geology (Richards et al. 1996, Johnson et al. 1997, Weigel et al. 2003), and 
groundwater influence (Weigel et al. 2003). 
Research has elicited significant correlations between catchment scale factors 
and observed in-stream structural and functional variation. Weigel et al. (2003) 
found significant correlations between macroinvertebrate community structure and 
catchment scale influences in twenty-five of thirty-six variables analyzed including 
land use/cover, climate, surface geology, and bedrock geology data. Others (Richards 
et al. 1996, Wang et al. 1997, Genito et al. 2002) have found a negative correlation 
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between watershed agricultural land cover and biotic diversity with possible 
explanations including increases in nutrient and sediment runoff, effects on channel 
morphology, and reductions in the supply of coarse organic material entering the 
stream. Wang et al. (1997) found that urban land caused the most severe impacts on 
biotic integrity in Wisconsin streams, and impacts were observed at very low levels of 
urban land use primarily due to the influence impervious surfaces have on the 
hydraulic properties of streams. Impervious surfaces create increased rates of runoff, 
affecting the equilibrium between the watershed and stream channel ultimately 
causing rapid changes in stream channel morpholo~ and hydrologic regimes. 
The Effect of Spatial Scale in Stream Ecology 
Recent emphasis in stream ecology has focused on the influence of spatial 
scale on the structure and function of stream ecosystems. The selection of 
appropriate scales of analysis is essential in the experimental design of an ecological 
study. Hierarchy theory can be used to aid in the selection of appropriate analytical 
scales (Parsons et al. 2004). Hierarchy theory is a framework for ordering nature into 
nested levels where lower levels are constrained and influenced by the higher levels 
(Johnson and Gage 1997), and each progressively finer scale in the hierarchy is 
expected to incorporate factors that more proximally influence the biotic assemblage 
(Richards et al. 1996). 
Frissell et al. (1986) described a geomorphological stream classification 
system based on a hierarchy of spatial scales. The hierarchical classification of 
streams provided by Frissell et al. (1986) is divided into five scales (Table 2), each 
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Table 2. Stream hierarchical classification based on Frissell et al. (1986). 
Hierarchical Level Linear Spatial Scale (meters) Time Scale of Persistence (years) 
Stream System > 103 106 - 105 
Segment System 102 104 - 103 
Reach System 101 102-101 
Pool/Riffle System 100 101 - 100 
Microhabitat System 10-I 10°-10-1 
with its own unique influence on stream structure and function. Lower levels in the 
hierarchy have turnover times and spatial extents orders of magnitude less than higher 
levels, and because streams are influenced differently at multiple levels in the 
hierarchy, determining the relative influence of environmental variables at multiple 
spatial scales can aid in establishing which hierarchical level(s) a given 
environmental factor is most influential (Richards et al. 1996). 
The influence of spatial scale can be extended into multiple hierarchical scales 
within the watershed. The determination of scales for assessment, both spatial and 
temporal, has been one of the major arguments in the use of landscape scale 
indicators to assess stream health and integrity (Gergel et al. 2002). Many studies 
focus primarily on the catchment scale and quantify attributes for the entire drainage 
area (Wang et al. 1997, Genito et al. 2002), while others (Richards et al. 1996, Roth 
et al. 1996, Johnson et al. 1997, Lammert and Allan 1999) have focused on relating 
landscape scale variables at many spatial extents within the watershed. Analysis at 
multiple spatial scales has shown that some landscape indicators are more influential 
when the entire catchment is analyzed, while others are more prevalent when a 
riparian buffer of the watershed or more localized spatial scale is used. Potter et al. 
(2005) determined that developed land cover in watersheds was more predictive of 
macroinvertebrate communities at the watershed scale, but forest cover was more 
predictive at the riparian scale. From these results the authors concluded that 
maintaining intact riparian buffers can mitigate for non-point source pollution, but 
these effects can be overwhelmed by larger scale land use practices. In a similar 
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study analyzing fish comunities, Roth et al. (1996) determined that total watershed 
land cover was more predictive of stream biotic integrity than analysis at local scales, 
hypothesizing that larger scale upstream processes may constrain local scale 
influences of riparian vegetation. 
The objectives of the current study are to: (1) Create a recent land use/land 
cover classification of the Licking River Watershed (Figure 1) that can be used for 
watershed scale studies of aquatic ecosystems, (2) Characterize macroinvertebrate 
communities found within the Triplett Creek Watershed (Figure 2), a tributary of the 
Licking River, (3) Relate the macroinvertebrate community composition of Triplett 
Creek to land use/land cover within the watershed at multiple spatial scales, and (4) 
determine the relative influence oflandscape indicators at multiple spatial scales, and 
extend hierarchy theory to include watershed scale levels within the hierarchy. The 
results of this analysis will lend insight into the use oflandscape scale indicators for 
assessing stream health and integrity in predominately forested watersheds in eastern 
Kentucky. 
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Figure 1. Map of Kentucky showing the Licking River Watershed and the level III ecoregions (69- Central 
Appalachian Ecoregion, 70- Western Allegheny Plateau, 71 - Interior Plateau) where the basin is found as defined by 
Woods et al. (2002.) 
--==---c::==:::i Kilometers 
N 2 0 4 8 
Figure 2. Rowan County, KY displaying Triplett Creek stream system. Sites 
sampled for macroinvertebrates are indicated by stars. Inset: Location of Triplett 
Creek within the Licking River Watershed. 
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Methods and Materials 
Study Area 
The Licking River Watershed drains approximately 7000 km2 in Eastern 
Kentucky through more than 11,000 stream kilometers, and flows through three level 
III USEP A Ecoregions (Figure I). The portion of the watershed within the Central 
Appalachian Ecoregion (Ecoregion 69) is characterized by a high, dissected, rugged 
plateau composed of sandstone, shale, conglomerate, and coal. The rugged terrain, 
cool climate, and infertile soils limit agriculture, resulting in a mostly forested land 
cover. The high hills and low mountains are covered by a mixed mesophytic forest 
with areas of Appalachian oak and northern hardwood forest. Bituminous coal mines 
are common, and have caused siltation and acidification of streams. 
The section of the watershed found in the Western Allegheny Plateau 
(Ecoregion 70) consists of hilly and wooded terrain not muted by glaciation, and is 
more rugged than the ecoregions to the north and west, but is less rugged and not as 
forested as Ecoregion 69 to the east and south. Extensive mixed mesophytic forests 
and mixed oak forests originally grew in the Western Allegheny Plateau and most of 
its rounded hills remain in forest today. Farms and residential developments are 
concentrated in the valleys, and horizontally-bedded sedimentary rock underlying the 
region has been mined for bituminous coal. 
The upper portions of the watershed are located within the Interior Plateau 
(Ecoregion 71 ), which is a diverse ecoregion extending from southern Indiana and 
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Ohio to northern Alabama. Rock types are distinctly different from the coastal plain 
sediments and alluvial deposits to the west, and elevations are lower than the 
Appalachian ecoregions to the east. Mississippian to Ordovician-age limestone, chert, 
sandstone, siltstone and shale compose the landforms of open hills, irregular plains, 
and tablelands. The natural vegetation is primarily oak-hickory forest, with some 
areas ofbluestem prairie and cedar glades (Woods et al. 2002). 
Triplett Creek, a sixth order tributary of the Licking River, drains the northern 
half of Rowan County, Kentucky. The stream system is comprised of two major 
streams, the Triplett Creek main stem and the North Fork of Triplett Creek. The 
watershed is located within the Daniel Boone National Forest, and is relatively 
unimpacted by anthropogenic disturbances compared to other streams throughout the 
region. Forestland cover is the predominant land use within the catchment. 
Agriculture and impervious surfaces are restricted to the valleys, and most impervious 
surfaces are concentrated in the town Morehead, the main population center of the 
watershed with approximately 5,900 citizens. Agricultural lands in the watershed are 
primarily used for com, tobacco, and pasture/hay. 
Land Use/Cover Analysis 
Image Acquisition and Preprocessing 
Three Landsat 5 Thematic Mapper (TM) images, Path 20 Row 33 (September 
13, 2003), Path 19 Row 33 (September 20, 2003), and Path 19 Row 34 (September 
20, 2003) covering the Licking River Watershed were acquired for the determination 
ofrecent land use/cover. Landsat 5 TM data was used because it is relatively 
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inexpensive, and its resolution characteristics were ideal for coverage of the study 
area and separation of the classes of interest. Spatially, this sensor is capable of 
discriminating level II land use/cover classes as defined by Anderson et al. (1976), 
and a complete classification of the study area could be completed using three 
images. Images from mid-September were chosen because the majority of crops in 
the region had been harvested, potentially aiding in discrimination between 
pasture/hayfields and croplands. The creation of a recent land use/cover classification 
provides up to date land cover data for the study area, and allows for the analysis of 
macroinvertebrate communities in the Triplett Creek Watershed based on recent land 
use data. The most recent coverage available for the Licking River Watershed was 
created from Landsat 5 Thematic Mapper data acquired in the early 1990's 
(Vogelmann et al. 2001). 
A spatially varying haze correction algorithm (Carlotto 1999) was used to 
minimize observed effects of atmospheric scattering, the unpredictable diffusion of 
radiation by particles in the atmosphere. The correction analyzes the correspondence 
between the bands affected by scattering and those not, or only minimally, affected, 
and equalizes scattering across the imagery based on this analysis. This step was 
essential because high levels of scattering in multi-spectral imagery reduce the 
contrast and 'crispness' of the imagery, resulting in the decreased discriminatory 
ability of statistical classifiers. By mathematically modeling the effects of 
atmospheric scattering on imagery using methods such as the one described above, 
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the observed effects of scattering can be substantially decreased and the contrast of 
the imagery enhanced. 
The imagery was next geo-registered to a root mean square (RMS) error, an 
estimation of the average displacement found in the imagery from its true location on 
the ground, of0.357 pixels for Path 20 and 0.341 pixels for Path 19 using Digital 
Images Made Easy (DIME) 3 .1.1, a software program for geo-registering, 
mosaicking, and color balancing digital imagery (Positive Systems 2003). Geo-
registration was completed using ortho-rectified Landsat 7 Enhanced Thematic 
Mapper data as reference imagery. Landsat 7 imagery has a spatial resolution of28.5 
meters compared to the 30m resolution of Landsat 5 imagery. This difference did not 
pose a problem for registering Landsat 5 imagery to Landsat 7 imagery. Initial tie 
points between the reference images (Ortho-rectified Landsat 7 images) and the 
subject images (Landsat 5 images) were manually determined. A tie point is a 
common ground feature located in both the reference and study images used to geo-
register the subject images to the reference images. The first tie points were applied 
manually to roughly place the image in the correct geographic position by shifting the 
images approximately 11 00m to approximate the true ground position. After the 
placement of manual tie points and shifting the imagery this distance was reduced to 
approximately 100m. Finally, the auto tie point procedure in DIME 3.1.1 was used to 
place additional tie points until at least twenty tie points had been created for each 
image, and the RMS error had been reduced to below 0.500 pixels. 
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After geometric corrections were completed a mosaic of the three images was 
created in ERDAS Imagine, a software package for digital image processing and 
analysis (ERDAS 2002), using histogram matching. Histogram matching is the 
process of determining a lookup table that will convert the histogram of one band to 
the histogram of another band. This process is useful for the mosaicking of images 
taken on different dates with different sun angles or containing varying effects caused 
by the atmosphere. Histogram matching was used in this analysis because the 
imagery acquired for this analysis was originally created on different days, resulting 
in observable differences in the contrast and brightness between the images. 
Histogram matching reduced these effects in the mosaicing process. 
Finally, the c-correction was applied to the image mosaic to reduce the effects 
of terrain shadowing, highly evident in the southern reaches of the watershed, as it 
produces visually and statistically more accurate products than other illumination 
corrections such as the cosine correction (McDonald et al. 2000). The c-correction is 
similar to the basic cosine correction, calculated as the ratio of the sun's zenith angle 
with the incidence angle of the sun, but introduces into its calculation the c-
coefficient. The c-coefficient is defined as the ratio of they-intercept/slope for the 
regression of each bands' digital numbers on the solar incidence angle for each pixel 
in the imagery. The solar incidence angle is calculated using a digital elevation 
model of the watershed to determine the angle at which solar radiation contacts the 
earth's· surface. The c-coefficient is then multiplied to both the sun zenith angle and 
the solar incidence angle before determining the ratio of these two variables as 
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previously described for the cosine correction. This illumination correction 
eliminates the correlation between band digital number values and the solar incidence 
angle to the earth's surface at each pixel location, and models the earth's surface as a 
flat Lambertian reflector; a surface that scatters luminescence an equal intensity in all 
directions (Lillesand et al. 2004). 
Land Use/Cover Mapping 
The primary objective of image classification is to use quantitative methods to 
automatically sort the image pixels into discrete ( e.g. land use classes) or continuous 
(e.g. percent tree canopy closure) categories (Lillesand et al. 2004). Many types of 
classification algorithms have been developed. The most commonly used image 
classification algorithms are pixel-based spectral pattern recognition methods that 
rely solely on the spectral reflectance values of individual pixels to classify the data 
(Tadesse et al. 2003). These algorithms are further divided into supervised and 
unsupervised approaches. In an unsupervised classification the classifier divides the 
data into a predetermined number of distinct spectral classes. These spectrally 
distinct classes are then labeled by the user and collapsed into the classes of interest, 
called information classes by checking points on the ground, or using ancillary data 
such as aerial photographs or geographic information system (GIS) layers consisting 
of previous land use/cover information. Unsupervised techniques are advantageous 
when little a priori information about the study area is available to perform more 
advanced classification procedures. Common unsupervised classification algorithms 
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include iterative self-organizing data analysis (ISODATA), and the K-means 
clustering algorithm (Lillesand et al. 2004). 
In a supervised classification the algorithm must first be given examples of 
pixels in the imagery belonging to each class. The process of providing the classifier 
with these class examples is termed 'training the classifier' or calibration. After 
being trained, the algorithm then places all pixels in the imagery into the class where 
they have the highest probability of occurring. Supervised classifiers are most useful 
when the study area is well known by the technician, because knowledge of the area 
aids the initial calibration of the classification algorithm. Common supervised 
algorithms include the maximum likelihood and parallelepiped methods (Lillesand et 
al. 2004). 
Many other classification methods have been developed including decision 
tree classifiers, artificial neural networks, and spatial pattern recognition methods. 
Decision trees and artificial neural networks are nonparametric techniques and do not 
make any statistical assumptions about the input data They do, however, require a 
comprehensive understanding of the study area along with ancillary information to 
accurately complete the classification. These methods are also relatively new, and are 
not yet completely understood (Tso and Mather 2001). Spatial pattern recognition, 
also referred to as object based classification, involves the categorization of image 
pixels on the basis of their spatial relationship with pixels surrounding them 
(Lillesand et al. 2004). Along with spectral information, spatial classifiers use 
variables such as image texture, pixel proximity, feature size, shape, and context to 
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classify the image data. These methods tend to be more complex, computationally 
intensive, and difficult to apply compared to spectral pattern recognition methods. 
To complete the land use/cover mapping of the Licking River Watershed the 
acquired imagery was classified using three methodologies to determine the most 
accurate method for land use/cover mapping at this resolution. The image data were 
first clustered using the ISODAT A algorithm into 35 spectral classes using ERDAS 
Imagine (ERDAS 2002). ISODATA repetitively migrates a predetermined number of 
cluster means using a 'closest distance to mean' approach until the locations of the 
means are unchanged, or until the change from one iteration to the next is less than a 
predefined convergence threshold (0.95 in this analysis) (Tso and Mather 2001). 
Thirty-five spectral classes were used to assure that thorough separation of the desired 
land cover classes would be achieved. Spectral classes were merged into five 
information classes (Table 3 (Class 1-5)) by overlaying each spectral data class on 
one-meter spatial resolution black and white digital ortho quarter quad (DOQQ) 
images in Arc View 3 .2. DOQQ images used for merging spectral classes were 
downloaded from the Kentucky Division of Geographic Information and were 
acquired throughout 2002. There was approximately a 50m difference in geographic 
registration between the classified image and the DOQQ images that had to be 
accounted for when labeling spectral data classes. Because the DOQQ images had a 
finer spatial resolution, they were assumed to be more accurately geo-registered, and 
the classified images were geo-registered to the DOQQ images using ERDAS 
Imagine. After determining the appropriate information class for each spectral data 
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Table 3. Class definitions applied in land use/land cover analysis of the Licking River Watershed modified from 
Homer et al. (2004). 
Class 
1. Open Water 
2. Forest 
3. Herbaceous 
Description 
Areas of open water including features such as reservoirs, ponds, and rivers. 
Forested landscapes including tree crown closure greater than 70%. 
Landscapes with predominately(> 70% cover) non-woody vegetative cover including hay 
fields, pasturelands, and natural grasslands. 
4. Developed Low Urban class having less than 70% impervious surfaces. Generally includes residential areas 
Intensity and subdivision. 
5. Developed 
High Intensity 
6. Bare Soil 
Urban class having greater than 70% impervious surfaces. Generally includes downtown 
area, industrial complexes, and large commercial zones. 
Includes agricultural land that is actively used for growing crops, and any land cover where 
soil is exposed at the surface. 
class, the pixels in the classified image were recoded to collapse the 35 spectral data 
classes into the five information classes. Applying this unsupervised technique first 
allowed for knowledge of the spatial distribution ofland use/cover classes in the 
study area to be gained from labeling the spectral data classes. 
High levels of confusion were observed in differentiating the developed and 
bare soil classes using the ISODATA algorithm, because these classes possess similar 
reflectance properties. As a result, a previously prepared land use/cover coverage for 
the conterminous United States (Vogelman et al. 2001), developed by the United 
States Geological Survey and many other partner agencies, was used to distinguish 
between these two classes. The overall accuracy for this coverage for federal region 
four, the region under study here, was 83.00%, and the producer's and user's 
accuracies for the urban land class were 72.00% and 71.00% respectively. This was 
done by first isolating the urban land use in the older coverage, buffering it by 150 
meters to account for sprawl, and creating an area of interest for developed land uses. 
The 150m buffer was chosen arbitrarily to ensure that if any urban areas had 
increased in size, then these urban areas would be included in the current urban class. 
Pixels within this area of interest that were coded as developed land classes were not 
altered, but pixels found outside the area of interest that were coded as developed 
land classes were recoded as bare soil (Table 3, Class 6). 
A second and third landcover classification was completed using the 
Gaussian Maximum Likelihood (ML) algorithm, a supervised classification that 
places pixels in predefined classes based on the probability that the pixel occurs in 
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that class (Tso and Mather 2001). In the first ML classification (MLl) the same 
procedure for distinguishing the bare soil land class from urban land uses was 
followed as used for the ISO DATA clustering. For the second ML classification 
(ML2) the classifier was trained to distinguish between cropland and urban land uses 
by supplying the algorithm with at least ten examples of each class before executing 
the classification algorithm. Training data used to calibrate the ML classifications 
were checked to determine if they satisfied the assumption of being normally 
distributed before completing the classifications. 
Accuracy Assessment 
It is impossible to create a classification that is 100% accurate. Therefore, 
accuracy assessment is essential when completing any classification project 
(Congalton and Green 1999). The accuracy assessment lends insight into sources of 
error present within the final output ultimately aiding in the user interpretation of the 
classification product. All three classifications were checked for accuracy with the 
same DOQQ images used in data class labeling of the ISODATA algorithm. A 
stratified random sample approach was used to select at least 50 points per class and a 
total of 400 sample points for each classification scheme. Congalton and Green 
(1999) suggest using 50 points per class for accuracy assessment because this sample 
size is a good balance between statistical validity and practicality, but if the 
classification contains a large number of classes (> 12) or some classes are 
disproportionately large, then the sample size should be increased to 75 to 100 sample 
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points per class. The authors empirically derived this conclusion from accuracy 
assessments completed in many projects. 
Error matrices generated for accuracy assessment were used to calculate the 
producer's, user's, and overall accuracy for each classification (Table 4). Overall 
accuracy, the simplest descriptive accuracy metric, is a measure of how many 
sampled pixels were classified correctly divided by the total number of pixels 
sampled. Producer's accuracy is a measure of how accurate the producer of the 
classification was in separating each class. User's accuracy, however, corresponds to 
the probability that a pixel classified into a particular class is actually a member of 
that class on the ground. Overall kappa and the conditional kappa for each class were 
also calculated using ERDAS Imagine (ERDAS 2002), and the overall kappa 
variance for each error matrix was determined using a kappa analysis extension 
(Jenness and Wynne 2004) for Arc View 3.2 (ESRI 1997). Overall kappa is a 
quantitative multivariate measure of agreement between the classified data (columns) 
and the reference data (rows) for all classes represented in the error matrix. Similar to 
overall kappa, conditional kappa values are also quantitative measures of agreement, 
but conditional kappa is a measure of agreement between individual classes in the 
error matrix. This accuracy measure is helpful for analysis of individual classes 
created in the classification. Additionally, overall and conditional kappa values were 
used as inputs for z-tests to determine significant differences in agreement between 
the generated classification error matrices (overall kappa), as well as significant 
differences in the ability of each classification method to distinguish between classes 
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Table 4. Definitions for calculated accuracy measures. 
Acc. Measure 
Overall 
Accuracy 
Producer's 
Accuracy 
User's 
Accuracy 
Overall 
Kappa 
Conditional 
Kappa 
Description 
Calculated by dividing the total number of correctly classified pixels by the 
total number of reference pixels. 
Calculated by dividing the total number of correctly classified pixels in a 
class by the total number ofreference pixels for the class. 
Calculated by dividing the total number of correct sample pixels in a class 
by the total number of sample pixels placed in the class. 
Discrete multivariate measure of agreement for determining if one error 
matrix is significantly different than another. 
Discrete multivariate measure of agreement for determining if two methods 
for separating a particular class produce significantly different accuracies. 
(conditional kappa). Z-tests were performed using methods outlined by Congalton 
and Green (1999). 
After completing the accuracy assessment of the three classifications, ML2 
was found to be the best overall classification. A 3 x 3 majority filter was used on 
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this classification to reduce confusion between the bare soil and developed classes 
and create a final classification (ML3). This 3 x 3 majority filter recoded isolated 
developed low and high intensity pixels found in large bare soil patches to bare soil, 
because the majority of these isolated pixels were misclassified as developed land 
uses due to the similar reflectance properties between the developed lands and the 
bare soil class. These three classes contained the most confusion in the error matrix 
and a reduction in this error was expected to enhance the overall accuracy of the final 
map product. ML3 was also evaluated for accuracy using the same methodology 
previously described. After comparing the accuracies of all four classifications the 
most accurate classification was used to calculate landscape indicators for analysis of 
macroinvertebrate communities in the Triplett Creek Watershed. 
Site Selection and Landscape Indicator Quantification 
Macroinvertebrate sample sites were selected using Arc View 3.2 (ESRI · 
1997). One hundred random latitude and longitude values were generated within the 
Triplett Creek Watershed. The distance from these points to the nearest stream was 
calculated with a connector line drawn from the point to the closest stream edge using 
a nearest feature extension (Jenness 2004). A point coverage was then created 
consisting of points located at the intersection of the stream polyline coverage and the 
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polyline coverage created by the nearest feature analysis using an intersect lines 
extension (Lead 2004). Geographic coordinates for these points were then 
determined using the Create/Calculate Lat/Long extension (Barlett 2003). Sample 
sites were selected from the one hundred possible sites at random until 30 sites had 
been sampled. A sample size of 30 was used to allow for high observed variation in 
environmental gradients (landscape indicators) to be observed. 
The Triplett Creek watershed was clipped from the most accurate land 
use/cover classification of the Licking River Watershed to calculate landscape 
indicators (Table 5) at each sample site. Within the Triplett Creek Watershed the 
bare soil and herbaceous land cover classes consisted predominately of cropland and 
pastureland respectively, and agricultural cropland or pastureland is derived directly 
from these two classes. FRAGSTATS (McGarigal et al. 2002), a spatial pattern 
analysis program, was used to determine land use class relative abundances and 
landscape patch density, a measure of human impact and fragmentation. High scores 
for the landscape patch density metric are correlated with increased fragmentation 
and disturbance. These metrics were calculated for three spatial scales at each sample 
site (Figure 3). The distance from each sample site to the nearest patch of each land 
use class was determined in Arc View 3.2. The distance to nearest class patch 
variables, however, were only determined at the catchment level, and used in analysis 
at all three spatial scales, because these distances do not change at differing spatial 
scales. 
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Table 5. Landscape indicators included in landscape analysis of the Triplett Creek Watershed, Kentucky. 
Metric Description 
%FOREST % of!andscape covered by forest 
%PASTURE % of landscape utilized for pasture land and hayfields. 
%DLOW 
%DHIGH 
%CROP 
DIST PAST 
DIST DLOW 
DIST DHIGH 
DIST CROP 
DIST SOURCE 
LAND PD 
% of landscape represented by developed low intensity impervious surfaces 
% of landscape represented by developed high intensity impervious surfaces 
% oflandscape actively engaged in growing crops. 
Distance from sample site to nearest pasture/hayfield patch in the catchment 
Distance from sample site to nearest developed low intensity patch in the catchment 
Distance from sample site to nearest developed high intensity patch in the catchment 
Distance from sample site to nearest cropland patch in the catchment 
Distance from the sample site to headwater source of the stream 
Landscape patch density measured as the number of patches per 10,000 hectares. 
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Figure 3. Spatial scales used to analyze effect of landscape scale indicators on 
benthic macroinvertebrate communities in the Triplett Creek Watershed. 
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Macroinvertebrate Sampling and Analysis 
Macroinvertebrate sampling began in early May 2004 and proceeded through 
July 2004. Within each reach sampling site, six replicate macroinvertebrate samples 
were retrieved from a fixed¼ meter quadrat using a kicknet (500µm mesh size) to 
allow for density calculations and abundance comparisons. Most bioassessment 
protocols call for sampling lm2 ofbenthos, but l.5m2 was used in this analysis to 
increase sample representativeness, and enhance the stability of multivariate analyses 
(Cao et al. 2002). Sampling was completed only during base flow conditions to 
eliminate excessive organism drift and variability caused by increased water velocity. 
Sampling procedures were conducted in riffle habitats within the sample reach. Other 
habitats were not sampled because previous studies determined that sampling in 
riffles provides similar results to multihabitat sampling procedures (Plafkin et al. 
1988). Samples were preserved in the field using 70% ethanol and taken to the 
laboratory for sorting and identification. Individuals were sorted and identified to the 
lowest possible taxonomic level, usually genus, for statistical analysis. Early instar 
individuals were left at higher taxonomic levels unless it could be determined, with a 
high probability, that they belonged to a lower taxonomic ranking. If, for example, 
some early instar individuals could be diagnosed to be one of two taxa, but only one 
of those taxa was present within the sample, then the early instar individuals would be 
added to the total for the taxon that was previously recorded from the site. Vouchered 
specimens were placed in the Morehead State University aquatic invertebrate 
collection. 
31 
Macroinvertebrate identification primarily followed Merritt and Cummins 
(1996). Several metrics were calculated to describe species assemblages at each site 
(Table 6). Richness is a measure of the total number oftaxa recorded at each sample 
site, and generally decreases with decreasing water quality and stream health. The 
· Shannon diversity index is a measure incorporating both taxa richness and taxa 
abundances, and is maximized by having high richness and high abundance values 
across all taxa. The Shannon evenness index is a metric describing the evenness of 
abundances across taxa. This metric is maximized when the abundances of all taxa in 
the sample are equal. The %Ephemeroptera metric was included because the order 
Ephemeroptera has been documented as being sensitive to metal contamination 
(KDOW 2002). Functional feeding groups were included to evaluate trophic 
relationships, and were determined using Merritt and Cummins (1996) and KDOW 
(2002). 
The macroinvertebrate biotic index (MBI) is a multimetric index used to 
assess biotic integrity of surface waters in Kentucky (KDOW 2002). This metric is 
computed by averaging the scores of six other metrics as defined by the KDOW 
(2002) including the taxa richness, mHBI, m%EPT, EPT Rich, %Chir & Oli, and 
%Clinger metrics. EPT Richness is a measure of the total number of the generally 
pollution intolerant Ephemeroptera, Plecoptera, and Trichoptera taxa recorded from 
each site. M%EPT is a measure of the percent composition of individuals in the 
community from the Ephemeroptera, Plecoptera, and Trichoptera orders. The 
Trichoptera genus Cheumatopsyche is excluded from this calculation because it has 
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Table 6. Macroinvertebrate metrics calculated for landscape analysis ofbenthic communities in the Triplett Creek 
Watershed. 
Metric 
Richness 
Shan div 
Shan ev 
MBI 
mHBI 
m¾EPT 
EPTRich 
¾Predator 
¾Shredder 
¾Scraper 
¾Gatherer 
¾Filterer 
¾Ephem 
¾Chir&Oli 
¾Clinger 
Description 
Taxa Richness (lowest determinable taxonomic level) 
Shannon Diversity Index 
Shannon Evenness Index 
Multi-metric index used for assessing surface waters in Kentucky. 
Hilsenhoff Biotic Index modified for use in Kentucky. 
Percent EPT Individuals excluding the genus Cheumatopsyche. 
Total number ofEphemeroptera, Plecoptera, and Trichoptera taxa. 
% Predator individuals 
% Shredder individuals 
% Scraper individuals 
% Collector/gatherer individuals 
% Collector/filter feeder individuals 
% Ephemeroptera individuals 
% Chironomidae and Oligochaete individuals 
% Clinger Individuals 
been documented as being a pollution tolerant species. The mHBI is a biotic index, 
modified from Hilsenhoff (1987), that estimates the degree of organic pollution 
present at the sample site. In this analysis, HBI tolerance values have been modified 
for assessing surface waters in Kentucky. The modified tolerance values used to 
calculate the mHBI were derived from KDOW (2002). %Clinger is a measure of the 
proportion of the benthic community with the life history habit of attaching and 
crawling on large substrate. This metric decreases with increasing sediment flux into 
the stream. %Chir & Oli is a measure of the percent community composition of the 
generally pollution tolerant Chironomidae and Oligochaete taxa. This metric 
generally increases with increasing impairment to the stream. 
Statistical Analysis 
The computer program CANOCO (ter Braak: 1991) was used to relate taxa 
abundances and the calculated metrics to the calculated landscape metrics at all three 
spatial scales giving a total of six analyses. Prior to analysis all species data were log 
transformed to eliminate skew present in the data, and conform the taxa data to a 
normal distribution. Each analysis was first ordinated using detrended canonical 
correspondence analysis to determine the lengths of the landscape gradients with 
respect to the biotic variables. This method is used to determine if the analyzed 
gradients (measured in standard deviations) are long enough for the 
macroinvertebrate taxa and metrics to exhibit a unimodal response with the landscape 
gradients. If the gradient is less than three standard deviations in length, then the taxa 
do not exhibit a unimodal response to the data and redundancy analysis (RDA) should 
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be used for further analysis. If the gradients are longer than four standard deviations 
then the data exhibits a strong unimodal relationship and canonical correspondence 
analysis (CCA) would be more appropriate for analyzing the data. If gradients are 
found to be three to four standard deviations in length then either RDA or CCA are 
acceptable analysis techniques. All gradients in this analysis were determined to be 
less than three standard deviations, resulting in the use of redundancy analysis for 
further analysis. 
RDA is a form of direct gradient analysis (ter Braak and Prentice 1988) that 
assumes a direct linear relationship between the dependent variables 
(macroinvertebrate abundances and metrics) and the predictor variables (landscape 
metrics). The month sampled was used as a covariable for partial analysis to reduce 
the effects of temporal variation. Forward selection was implemented to determine 
the strongest predictors of macroinvertebrate communities at each spatial scale. 
Forward selection is an iterative process whereby the program first selects the 
landscape variable that explains the most variation in the macroinvertebrate 
community by regressing all landscape variables on the macroinvertebrate 
community data. Next the variable explaining the second highest amount of variation 
is selected using the same methodology. This is continued until all variables are 
selected or a predefined threshold is attained. In this analysis, forward selection was 
used to rank landscape scale variables only, and not to build predictive statistical 
models from the data set. The ranking of the landscape scale variables at the three 
spatial scales allows for the determination of the relative importance of each 
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landscape indicator across multiple spatial scales. From this analysis the relative 
influence of landscape metrics can be compared across spatial scales, and the most 
important landscape indicators at each spatial scale can be determined. 
Monte Carlo permutation tests were performed to determine the significance 
of each analysis. A Monte Carlo permutation test is a test of statistical significance 
obtained by repeatedly shuffling the samples (ter Braak and Smilauer 2002). In 
CANOCO the environmental data (i.e. landscape indicators) is fixed and the response 
variables (i.e. taxa) are shuffled a predetermined number of times to determine if the 
results of the analysis are significantly better than if the data were generated at 
random. 
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Results 
Land Use/Cover Analysis 
Classification Results 
Visual comparisons of classifications exhibit marked differences in the 
abundances ofland use/cover classes (Table 7). Most notable is the difference 
observed between ISODATA and all ML classifications for the forest and herbaceous 
classifications. ISODATA classification indicated over 700km2 less area than all 
three ML classifications for the forest class. This difference in area, however, is 
accounted for in the error matrices for the ML classifications (Appendix A) with as 
many as 13 herbaceous reference sites misclassified as forest. This confusion is not 
as great in the ISODATA error matrix with only four herbaceous reference sites 
misclassified as forest. Therefore, a large area of herbaceous land cover in the ML 
classifications was committed to the forest class. 
ML2 and ML3 contained more area in the bare soil class compared to 
ISODATA and MLI. This can be attributed to the difference in separating the bare 
soil class between these two groups. In ML2 and ML3 the classifier was calibrated to 
separate the bare soil class from the other classes, but in ISODATA and MLI the bare 
soil class was determined using a land use coverage created in the early 1990s. The 
use of the 3 x 3 majority filter on ML3 also resulted in the loss of37km2 from the two 
developed classes in ML2, which were then reclassified as bare soil. 
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Table 7. Total area (km2) for land use/land cover classes in each classification method of the Licking River Watershed 
in Eastern Kentucky. 
Classification Open Water Forest Herbaceous Dev. Low Dev. High Bare Soil Intensity Intensity 
ISODATA 60 4256 2644 62 33 159 
w 
00 ML#l 59 5030 1603 151 23 348 
ML#2 54 5305 1177 78 80 520 
ML#3 54 5305 1177 67 54 557 
Another observable difference was found in the amount of herbaceous land 
cover between classifications. The ISODATA classification contained over 1000kni2 
more herbaceous land cover than all three ML classifications. This high value was 
due to two sources of error. First, as mentioned earlier, in all three ML 
classifications, a substantial amount of herbaceous land cover was misclassified as 
forest. Also, error in labeling spectral data classes in the ISODATA classification, a 
type of error not evident within the error matrix, resulted in many of the bare soil 
spectral classes to be misclassified as herbaceous land cover. These incorrectly 
labeled spectral classes, along with the commission error of the forest class to 
herbaceous land cover, resulted in an inflated amount of herbaceous land cover in 
ISODATA. The error associated with mislabeling spectral data classes in ISODATA 
also resulted in decreased area classified as bare soil land cover. 
Accuracy Assessment 
The initial three classification methods produced similar measures of overall 
accuracy and overall kappa (Table 8). In ML3, however, there was a slight observed 
increase in overall and kappa accuracy measures. Overall accuracy increased 
approximately 3%, and kappa increased approximately 0.03 in ML3. This increase in 
accuracy can be attributed to the use of the 3 x 3 majority filter to reduce confusion 
between the developed and bare soil classes. From one sample z-tests performed on 
each classification it can be assumed that all three methodologies created a better than 
random classification with all classifications (p < 0.001) (Table 8). 
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Table 8. Overall accuracy measures for four methodologies used to classify land use/cover in the Licking River 
Watershed. 
Classification Overall Kappa Kappa Kappa Z-test 
Method Accurac~ Statistic Variance Score (p-value) 
ISODATA 87.00% 0.8386 4.284*10-4 40.5 I 6 (0.000) 
.;,. 
0 ML#l 87.25% 0.8421 4.196*10-4 41.108 (0.000) 
ML#2 87.00% 0.8387 4.323*10-4 40.338 (0.000) 
ML#3 89.75% 0.8731 4.524*10-4 46.514 (0.000) 
Two sample z-tests performed on the overall kappa values reveal that the most 
accurate classification is ML3. The lowest p-value between ML3 and the other 
classifications was 0.108 when comparing ML3 with the ISODATA classification 
(Table 9). Overall kappa analyses comparing ISODATA, MLI, and ML2 resulted in 
p-values greater than 0.4 signifying no statistically significant difference in overall 
kappa between these three classifications. 
Accuracy measurements of individual classes and two sample z-tests 
comparing conditional kappa values indicate a high degree of variability in the 
discriminatory ability of each classification method for separating out specific classes 
(Table 10, 11, Appendix B). ISODATA produced statistically lower accuracies than 
all other classifications for open water at p < 0.134. The ISODATA algorithm, 
however, produced the highest accuracy measures for the forest class based on forest 
conditional kappa values. Zctests performed on forest class conditional kappa values 
indicate ISODATA produced statistically higher accuracy measures for the forest 
class with p < 0.001 for all comparisons. These results coincide with visual 
observations of each classification with higher amounts of forest found in the ML 
classifications. As previously mentioned, analysis of error matrices indicates that the 
lower accuracies in the ML forest classes can be attributed to the commission of 
herbaceous landcover to the forest class. 
ML3 produced the highest accuracies for the developed low intensity and bare 
soil classes, and the second highest accuracy measures for the developed high 
intensity class based on conditional kappa scores. Z-scores calculated comparing 
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Table 9. Comparison of overall kappa values for the four classifications using z-tests for two 
independent samples. Z-scores are in the lower left and p-values are in the upper right. 
ISODATA ML#l ML#2 ML#3 
ISODATA 0.453 0.498 0.108 
-I>-
t,.) ML#l 0.119 0.454 0.132 
ML#2 0.004 0.114 0.110 
ML#3 1.235 1.118 1.228 
• 
Table 10. Producer's and User's accuracy(%) for classes separated in land use/land cover of the Licking River 
Watershed. 
Producer's Accuracy User's Accuracy 
Class ISODATA ML#l ML#2 ML#3 ISODATA ML#l ML#2 ML#3 
Open Water 93.6 97.9 98.0 98.0 88.0 92.2 96.0 96.0 
Forest 84.1 91.8 91.0 93.3 96.4 92.6 88.1 88.1 
.I>, Herb. 92.4 87.5 82.7 82.7 97.7 97.2 93.9 93.9 w 
Dev.Low 88.6 86.8 90.2 Intensity 88.5 76.5 63.5 74.0 92.0 
Dev. High 100.0 95.0 92.3 95.0 68.0 76.0 70.6 74.5 Intensity 
Bare Soil 70.2 68.1 73.0 83.1 76.9 90.7 94.7 94.7 
Table 11. Conditional kappa values for each class separated in the classification of the Licking River Watershed. 
Classification Open Water Forest Herbaceous Dev. Low Dev. High Bare Soil Intensity Intensity 
ISODATA 0.8640 0.9469 0.9701 0.7356 0.6503 0.7309 
-I>-
-I>- ML#l 0.9109 0.8930 0.9653 0.5963 0.7333 0.8871 
ML#2 0.9544 0.8287 0.9254 0.7103 0.6741 0.9354 
ML#3 0.9544 0.8305 0.9254 0.9080 0.7168 0.9372 
conditional kappa values for the developed low intensity class indicate that ML3 
performed statistically more accurately than all other classifications in classifying the 
developed low intensity class. ML! produced the highest accuracy for the developed 
high intensity class, but the p-value calculated comparing MLI and ML3 for the 
developed high intensity class was 0.334. This suggests a high level of agreement 
and no statistical difference between these two classifiers in discriminating the 
developed high intensity class. Therefore, the 3 x 3 majority filter was statistically 
successful in reducing the confusion present in the other three classifications between 
these three spectrally similar classes. 
ISO DATA produced the highest user's and producer's accuracy for the 
herbaceous class, but these accuracies are overestimated because of errors detected in 
the labeling of spectral data classes. Due to these errors in the labeling of spectral 
data classes in the ISODATA classification, the results ofz-tests on conditional kappa 
values for herbaceous land cover are misleading. Results suggest that ISODATA and 
MLI produced similar accuracy measures, but the accuracy of the ISODATA 
herbaceous class is overestimated. After disregarding the ISODATA herbaceous 
conditional kappa z-test results, a comparison of z scores for herbaceous cover 
between MLI, ML2, and ML3 indicates that ML! produces statistically higher 
accuracies than both ML2 and ML3 for the herbaceous class. ML3 was determined 
to be the best overall classification and was used to calculate the landscape metrics to 
evaluate macroinvertebi'ate communities at multiple spatial scales. 
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Landscape Metric Analysis of Triplett Creek Watershed 
Forest was the dominant land cover class at all three spatial scales. Forest 
accounted for an average of 90% of land cover at the catchment scale, 89% at the 
riparian buffer scale, and 74% at the 1000 m reach scale. Agricultural land uses 
accounted for 8.5% and 9% ofland area at the catchment and riparian buffer scales 
respectively. Developed land use at the catchment scale accounted for approximately 
1.5% and 2% at the riparian buffer scale. In contrast to the catchment and riparian 
scales, the 1000 m reach scale was comprised of 17% agriculture and 9% developed 
land uses. Landscape patch density increased as spatial scale decreased from 
catchment scale to the 1000 m reach indicating a greater degree of fragmentation in 
the valleys compared to the entire watershed, which encompasses the undeveloped 
uplands. The distance to headwater source ranged from 160 m to 37,150 m, 
encompassing stream orders one through five, and creating a long longitudinal 
gradient for analysis. 
As expected, because land use/cover classes replace each other within the 
landscape, the relative abundances of assessed land use/cover classes were highly 
correlated (Table 12). The relative abundance of forestlands was negatively 
correlated with all other classes at p < 0.05 for all spatial scales with the exception of 
three measures. The relative abundance of developed low intensity land use was not 
significantly correlated with forest land abundance at the catchment and riparian 
buffer scales and the relative abundance of developed high intensity land was not 
significantly correlated to forest land abundance at the catchment scale. These 
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Table 12. Pearson's correlation coefficients for landscape variables at all three spatial scales. 
decreasing spatial scale (1 st - Catchment, 2nd - Riearian Buffer, 3rd - 1 000m reach) 
Values listed in order of 
%FOREST %PASTURE %DLOW %DHJGH %CROP LAND_PD DIST SOURCE DIST PAST DIST CROP DIST LOW 
-0.798 
%PASTURE -0.842 
-0.398 
-0.020 -0.430 
%DLOW -0.296 -0.039 
-0.555 -0.215 
-0.133 -0.293 0.809 
%DHIGH -0.533 0.140 0.664 
-0.638 -0.338 0.661 
-0.873 0.464 0.141 0.161 
%CROP -0.936 0.637 0.282 0.549 
-0.728 0.176 0.123 0.352 
.i,. 
-0.915 0.631 0.223 0.297 0.831 
-.J 
LAND_PD -0.872 0.590 0.280 0.508 0.933 
-0.830 0.152 0.655 0.651 0.560 
-0.024 -0.123 0.375 0.259 0.049 -0.133 
DlST_SOURCE -0.246 0.096 0.432 0.555 0.182 0.063 
-0.575 0.539 0.128 0.193 0.352 0.340 
0.207 -0.213 0.148 -0.039 -0.143 -0.143 -0.157 
DIST_PAST 0.091 -0.138 0.286 -0.076 -0.073 -0.079 
-0.157 
0.079 -0.283 0.040 -0.032 0.183 0.107 -0.157 
0.339 -0.177 -0.417 -0.237 -0.284 -0.395 -0.199 -0.133 
DIST_CROP 0.194 -0.054 -0.353 -0.315 -0.189 -0.295 -0.199 -0.133 
0.386 -0.201 -0.222 
-0.179 -0.286 -0.418 -0.199 -0.133 
-0.187 0.426 -0.383 -0.206 -0.028 0.188 -0.219 -0.136 -0.168 
DIST_LOW 0.372 -0.254 -0.459 -0.356 -0.313 -0.132 -0.219 
-0.136 -0.168 
0.343 -0.143 -0.243 -0.231 -0.189 -0.517 -0.219 -0.136 
-0.168 
0.052 0.237 -0.505 -0.310 -0.197 -0.077 
-0.358 -0.175 0.171 0.821 
DIST_HIGH 0.484 -0.316 -0.558 -0.479 -0.422 -0.343 -0.358 -0.175 0.171 0.821 
0.506 -0.222 -0.299 -0.289 
-0.366 -0.590 -0.358 -0.175 0.171 0.821 
negative correlations indicate that when other land use/cover classes are present 
within the landscape, they typically result in a loss in the relative abundance of forest. 
Strong direct correlations were observed between the proportion of the land 
area represented by developed low intensity and the developed high intensity classes 
at all three spatial scales, and similarly the distance from a sample site to the nearest 
patch of developed high intensity land was highly correlated with the distance from a 
sample site to the nearest low intensity developed lands. Of all landscape measures 
relating proximity to sampling site, this was the only statistically significant 
correlation determined. These results indicate that these two classes are typically 
clumped together within the landscape. Landscape patch density, a measure of 
landscape fragmentation, was significantly negatively correlated to the relative 
abundance of forest lands at all three spatial scales, but was positively correlated to 
all other land use/cover classes. 
Macroinvertebrate Community Analysis 
From the collection of 20,506 macroinvertebrate individuals in the Triplett 
Creek Watershed, a total of 83 macroinvertebrate taxa were identified representing 56 
families and 18 orders. Density of individuals ranged from 23 individuals/m2 to 1325 
individuals/m2 with a median density of 684 individuals/m2• The insect orders 
Coleoptera, Diptera, and Trichoptera recorded the highest taxa richness scores with 
15, 13, and 11 identified taxa respectively. The most abundant orders within the 
watershed were Ephemeroptera (40% ofindividuals) and Diptera (20% of 
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individuals). The most abundant taxon recorded from the study area was the mayfly 
genus Baetis, reaching densities over 500 indiviuals/m2 in many samples. 
Analysis of macroinvertebrate metrics indicates a high degree of variability 
between the sample sites (Table 13). Taxa richness in the sample sites ranged from 9-
35 with an average richness of 22. The %Clinger metric ranged from 12.61 % to 
76.00% with an average score of34.82% possibly indicating that some sample sites 
were affected to a greater degree by sedimentation. Overall MBI scores ranged from 
31.73 to 76.03 with a mean value of 56.63. The mean MBI score for sites sampled in 
this study is similar to the mean for streams across the state of Kentucky (KDOW 
2003). From Pearson's correlation analysis and stepwise multiple regression, it was 
determined that the EPT Taxa and %Clingers components of the MBI score had the 
greatest influence on MBI scores. These two variables alone explained 84% of the 
variance in MBI scores. Other variables used to calculate the overall MBI were 
highly correlated to the EPT Taxa and %Clinger variables (Table 14). 
Functional feeding group composition displayed marked changes from 
headwaters, stream orders one and two, to mid-reaches, stream orders three, four, and 
five. Generally, the relative abundance of collector gatherer individuals increase with 
increasing stream order, and the relative abundance of shredders decreased with 
increasing stream order. The functional feeding composition of the Triplett Creek 
sampling sites were similar to theoretical community structure provided by Vannote 
et al. (1980) (Figure 4). 
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Table 13. Descriptive statistics for calculated macroinvertebrate metrics. 
Macroinvertebrate Metric Mean Standard Error Median Range 
%Predator 26.05 2.79 22.95 03. 76 - 56. 75 
%Shredder 08.12 2.94 01.42 00.15 - 75.00 
%Scraper 05.47 1.09 02.51 00.00 - 20.79 
%Filterer 16.53 1.87 14.72 02.64 - 39.83 
%Gatherer 43.64 3.79 42.35 07.62 - 76.25 
Shan div 01.91 0.06 00.65 01.12 - 02.49 
u, Shan ev 00.63 0.02 00.65 00.33 - 00.80 
0 
mHBI 04.63 0.10 04.59 03.66 - 06.00 
m¾EPT 54.36 3.65 59.23 17.65 - 81.03 
EPTRich 11.00 1.00 10.00 04.00 - 20.00 
¾Chir&Oli 19.09 2.44 14.66 03.78 - 50.84 
%Clinger 34.82 2.93 35.08 12.61 - 76.00 
MBI 56.63 1.93 58.07 31. 73 - 76.03 
¾Ephem 39.78 3.37 38.63 05. 73 - 72.94 
Richness 22.00 1.00 22.00 09.00 - 35.00 
Lil 
,... 
Table 14. Correlation matrix relating calculated MBI scores to its individual component metrics. Bold entries 
represent significant correlations (p < 0.05). 
mHBI m%EPT EPT Rich %Chir&Oli %Clinger Richness 
m%EPT 0.721 
EPTRich 0.774 0.715 
%Chir&Oli 0.517 0.416 0.535 
%Clinger 0.136 -0.119 0.065 0.361 
Richness 0.421 0.309 0.694 0.490 0.188 
MBI 0.819 0.760 0.846 0.759 0.423 0.633 
Grazer 
Theoretical Actual 
Stream Orders 1 & 2 
Shredder 
Shredder Grazer·c=====::::=..J.--
Collector Collector 
Shredder ::_:.;;;_...,--__ 
Stream Orders 3, 4, & 5 
Shredder __, ____ 
Predator 
Predator 
Predator 
Collector Collector 
Figure 4. Comparison of functional feeding group assemblages found in Triplett 
Creek to the theoretical functional feeding composition proposed by Vannote et al. 
(1980) in the river continuum concept. 
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Landscape Analysis ofMacroinvertebrate Communities at Three Spatial Scales 
Catchment Scale Analysis 
At the catchment scale, analyzed landscape scale variables explained 68.9% of 
the variation in fitted abundance scores. Forward selection identified distance to 
source, distance to high intensity developed lands, and distance to low intensity 
developed lands as the most influential landscape variables accounting for 56% of 
explained variation in macroinvertebrate abundance values. At the catchment scale 
the weakest influences were determined to be the distance to the nearest cropland 
patch, the distance to the nearest pasture field, and the relative abundance of 
developed high intensity. Many taxa including Epeorus, Leptophlebia, Helichus, and 
Amphinemoura were directly correlated with the distance to high intensity developed 
lands variable (Figure 5) indicating a preference by these taxa for undeveloped areas. 
These same taxa are inversely related to the proportion of the landscape classified as 
developed high intensity, which further strengthens this relationship that these taxa 
tend to avoid this land use class. Most EPT taxa are negatively correlated to the 
distance to source landscape variable. 
Calculated landscape metrics explained 87.2% of variation observed in the 
fitted metric values at the catchment scale. Forward selection identified distance to 
source, distance to low intensity developed;"ahd landscape patch density as the most 
influential landscape variables on calculated metrics accounting for 41 % of explained 
variation. Many metrics increased with increasing distance from developed lands 
including the MBI, EPT Rich, mHBI, and Richness (Figure 6). These metrics also 
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Figure 5. Redundancy analysis biplot relating macroinvertebrate abundance data (triangle) to landscape indicators 
(arrow) at the catchment scale in the Triplett Creek Watershed. 
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Figure 6. Redundancy analysis biplot relating macroinvertebrate metric data 
(triangle) to landscape indicators (arrows) at the catchment scale in the Triplett Creek 
Watershed. 
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decrease with increasing distance to the stream's headwater source. Strong inverse 
relationships are also evident between the relative abundance of croplands and the 
%Filterer and %Clinger metrics possibly due to increased sedimentation from 
croplands. The proportion of the landscape represented by developed high intensity 
land use was inversely correlated to the mHBI metric, therefore as the relative 
abundance of developed land increases the mHBI decreases. 
Riparian Buffer Analysis 
At the 125 m riparian buffer scale, analyzed landscape scale variables 
explained 70.9% of the variation in fitted abundance scores. Forward selection 
identified distance to source, the relative abundance of high intensity developed lands 
and the distance to high intensity developed lands as the most influential variables 
accounting for 64% of explained variation in the dataset. The weakest landscape 
indicators at the riparian buffer scale were the distance to the nearest cropland, the 
relative abundance of pasturelands, and the distance to the nearest pasturelands. At 
this spatial scale, similar to the catchment scale, variables associated with developed 
land were the most important predictors of macroinvertebrate abundances after the 
distance to source variable was selected. Many EPT taxa also displayed strong 
negative relationships with increasing relative abundance and proximity to developed 
lands (Figure 7). Some pollution tolerant taxa such as Cheumatopsyche and 
Chironomidae exhibit increased abundances with increased proportions of the 
riparian area utilized for growing crops. 
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Figure 7. Redundancy analysis biplot relating macroinvertebrate abundance data (triangle) to landscape indicators 
(arrow) at the riparian buffer scale in the Triplett Creek Watershed. 
Calculated landscape metrics explained 85.9% of variation observed in the 
fitted metric values at the riparian buffer scale. Forward selection identified the 
distance to source, the relative .abundance of developed high intensity land use, and 
the distance to the nearest low intensity patch as the most influential variables 
accounting for 51 % of explained variation in the dataset. The weakest landscape 
predictors of calculated macroinvertebrate metrics at the riparian buffer scale were 
the distance to the nearest pastureland, the relative abundance of pasturelands, and the 
distance to the nearest croplands. Similar to the catchment scale analysis, many 
metrics including EPT Richness, Richness, and MBI are inversely related to the 
relative abundance of developed land uses (Figure 8). Proximity is also an important 
factor as well, and these same metrics increase with increasing distances from 
developed high intensity lands. 
I 000 Meter Reach Analysis 
At the 1 000m reach scale, analyzed landscape scale variables explained 69 .9% 
of the variation in fitted abundance scores. Forward selection identified distance to 
source, the relative abundance of forest, and the relative abundance of developed low 
intensity land uses as the most influential variables accounting for 54% of explained 
variation in the dataset. The weakest landscape indicators at this scale were the 
distance to the nearest cropland, distance to the nearest pastureland and the distance 
to the nearest low intensity land use variables. The influence oflandscape 
fragmentation was more evident than at other scales due to an increase in the 
predictive power of the landscape patch density indicator at this more localized 
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Figure 8. Redundancy analysis biplot relating macroinvertebrate metric data (triangle) to landscape indicators (arrows) 
at the riparian buffer scale in the Triplett Creek Watershed. 
spatial scale. At this scale, landscape patch density was determined to be the fifth 
most important variable signifying that fragmentation at more local scales is more 
influential than larger scale fragmentation in predicting macroinvertebrate taxa 
abundance values. The abundances of many taxa were correlated with landscape 
patch density at this scale. The genera Cheumatopsyche, Argia, Nigronia, and 
Corydalus exhibited strong direct correlations with landscape patch density and the 
relative abundances of developed land classes (Figure 9). Most Ephemeroptera and 
Plecoptera taxa were either inversely correlated or uncorrelated with these three 
variables. The relative abundance of forest was the second most important landscape 
variable at this scale behind the distance to source variable. This signifies the 
importance oflocal scale riparian vegetation cover. Almost all Plecoptera and 
Ephemeroptera taxa were positively correlated to the proportion of the landscape 
classified as forest lands at this scale. 
Calculated landscape metrics explained 87.9% of variation observed in the 
fitted metric values at the 1000m reach scale. Forward selection identified distance to 
source, landscape patch density, and the relative abundance of croplands as the most 
influential variables accounting for 40% of explained variation in the dataset. The 
weakest landscape predictors of calculated macroinvertebrate metrics at the 1000m 
reach scale were distance to the nearest pastureland, the distance to the nearest low 
intensity developed, and the relative abundance of high intensity developed land use 
variables. At this scale the relative abundance of collector gatherers increased with 
increasing landscape patch density values or increased fragmentation of the landscape 
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Figure 9. Redundancy analysis biplot relating macroinvertebrate abundance data (triangle) to landscape indicators 
(arrow) at the 1000m reach scale in the Triplett Creek Watershed. 
(Figure 10). Other metrics were inversely related to landscape patch density at this 
scale including %Scraper, %Shredder, Shan_ev, Shan_div, and %Filterer. Also at 
this spatial scale there was an observed decrease in the relative influence of 
developed lands compared to other land uses/covers analyzed, indicating that 
developed lands are, relative to oth~r landscape indicators analyzed, more influential 
at larger spatial scales when compared to more localized scales. 
Comparison of Spatial Scale Analyses 
Analysis at different spatial scales explained similar amounts of variation in 
the macroinvertebrate community (Table 15). The catchment scale explained the 
least amount of variance for both metric and abundance analyses, but this difference 
is less than 2% compared to the 125m riparian buffer and 1000m reach scales. 
Landscape indicators were better predictors in the macroinvertebrate metric analyses 
than in predicting taxa abundance values, explaining approximately 17% more 
variance in metric analyses compared to taxa abundance analyses. 
At all spatial scales and analyses the distance from the sample site to the 
headwater stream source, an indicator of longitudinal gradient position, was the 
landscape indicator with the most influence on macroinvertebrate community 
composition (Table 16), and the proximity to agricultural classes, both pasture and 
cropland, proved to be poor pn::dictors ofmacroinvertebrate communities. The 
relative abundance of agricultural lands was more important than proximity in all six 
analyses. At the catchment and riparian buffer scales, landscape indicators associated 
with both the proximity and relative abundances developed low and high intensity 
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Figure 10. Redundancy analysis biplot relating macroinvertebrate metric data 
(triangle) to landscape indicators (arrows) at the 1000m reach scale in the Triplett 
Creek Watershed. 
63 
0.6 
Table 15. Percent of total variation explained by landscape scale indicators for each RDA analysis of 
macroinvertebrate communities in the Triplett Creek Watershed. 
Spatial Scale 
Catchment 
Riparian Buffer 
I000mReach 
Abundance 
Data 
68.9 
70.9 
69.9 
Metric Data 
85.9 
87.2 
87.9 
Table I 6. Rank of importance oflandscape indicators in all six RDA analyses. Indicators ranked by increasing amount 
of macroinvertebrate variance explained by the indicator. 
Catchment Scale Riparian Buffer I000mReach 
Rank Abundance Metric Abundance Metric Abundance Metric 
1 . DIST_SOURCE DIST_SOURCE DIST_SOURCE DIST_SOURCE DIST_SOURCE DIST SOURCE 
2 DIST_HIGH DIST_LOW ¾DHIGH ¾DHIGH %FOREST LAND PD 
3 DIST_LOW LAND_PD DIST_HIGH DIST_LOW ¾DLOW %CROP 
4 ¾DLOW DIST_HIGH ¾DLOW ¾DLOW ¾DHIGH ¾DLOW 
5 %PASTURE %PASTURE DIST_LOW DIST_HIGH LAND_PD DIST_CROP 
. 0\ 6 %CROP %CROP %CROP %CROP %PASTURE %FOREST V, 
7 %FOREST %FOREST %FOREST %FOREST DIST_HIGH %PASTURE 
8 LAND_PD ¾DLOW LAND PD LAND PD %CROP DIST_HIGH 
9 ¾DHIGH DIST_CROP DIST_PAST DIST_CROP DIST_LOW ¾DHIGH 
IO DIST_PAST ¾DHIGH %PASTURE %PASTURE DIST_PAST DIST_LOW 
11 DIST CROP DIST PAST DIST CROP DIST PAST DIST CROP DIST PAST 
land uses were the most influential land use variables for predicting 
macroinvertebrate communities. At the catchment scale, the distance to urban lands 
was more important than the relative abundances of these classes, but at the riparian 
buffer scale the relative abundances of developed lands was more influential than the 
proximity to these land use patches. 
There was also a transition in the relative importance of proximity versus 
relative abundance with decreasing spatial scale size. Proximity to land use classes 
was more important at the catchment scale with two of the three most important 
variables identified by the forward selection process being related to land use/cover 
class proximity. As the extent of spatial analysis decreased from catchment to local 
land use, however, the influence of relative abundance ofland use classes was 
determined to more influential relative to variables associated with proximity of land 
use patches to sampling sites. The influence of forests also increased at the 1000m 
reach scale, and a similar pattern was observed for the landscape patch density 
variable indicating the increased influence of fragmented landscapes near sampling 
sites on in-stream structure and function. 
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Discussion 
Land use/cover mapping 
Overall accuracy measures confirm that all four classification methodologies 
implemented in this study produced similar accuracies for discrimination of coarse 
level I classes. Rowlinson et al. (1999) also determined that there was essentially no 
difference in overall accuracy measures between the ISODATA and maximum 
likelihood algorithms for classifying land use to detect alien invasive vegetation in 
riparian zones. Repaka et al. (2004) concluded that ISODATA and maximum 
likelihood produce similar overall accuracy measures for classification and 
transportation feature extraction. If using a spectral based classification method, the 
decision on which classification method to utilize should be based primarily on 
experience with the different methods and familiarity with the study area. 
Many other classification algorithms have been determined to produce higher 
accuracies than spectral algorithms including object based classification (Oruc et al. 
2004, Repaka et al. 2004, and Tadesse et al. 2003), artificial neural networks (Fauzi 
et al. 2001), and decision tree classification{Pal and Mather 2003). These methods, 
however, are more difficult to apply and calculation intensive compared to spectral 
algorithms. The determination of whether to use these classification techniques 
should be based on the parameters of the research. If the highest possible accuracy 
measures is a goal in classification, then one of the aforementioned methods should 
be used. 
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The different classification methodologies produced similar overall 
accuracies, but individual class accuracy varied between the four classifications. 
ISO DATA, for example, produced statistically higher accuracies for the forest class. 
Using a hybrid classification approach consisting of both ISODATA and maximum 
likelihood could enhance accuracy measures. Hybrid classifications have been shown 
to increase accuracy measures in many projects (Kelly et al. 2004, Lo and Choi 
2004). Hybrid classification, similar to object based classification, requires more 
input and calculation to complete than standard spectral classification. 
Inherent within all geographic data is the presence of error. The confusion or 
error matrix is the predominant way to analyze error within a land use/cover 
classification (Foody 2002), and ideally this matrix represents classification error. 
Congalton and Green (1993), however, determined that there are many more sources 
of error, other than classification error, that can substantially affect accuracy 
measures including registration differences between reference data and the 
classification, data entry error, error in interpretation of reference data, and changes in 
land cover from the classification image acquisition date to the date of reference data 
acquisition. In this study, two of these sources of error had to be taken into account 
when analyzing the error matrices and accuracy measures. There was a difference in 
geo-registration of approximately 50 m between the classified images and the 
reference data, and error was made in the interpretation of the reference data for the 
ISODATA classification. These errors, if not identified, can cause misinterpretation 
of accuracy. In the ISODATA classification, for example, the herbaceous class 
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accuracy measures were overestimated due to error in interpreting the reference data. 
If this error had not been identified, then, based on the error matrix analysis alone, 
classification of herbaceous land cover in ISODATA would have been determined 
more accurate than the others when it was actually the least accurate. 
Macroinvertebrate Community Structure 
Macroinvertebrate communities in Triplett Creek were similar to the 
theoretical community structure proposed by Vannote et al. (1980) in their river 
continuum concept. The proportion of the community represented by predators was 
slightly higher than predicted for both headwater and mid-reach streams. In many 
samples, an extremely high number of early instar predator individuals were 
collected; resulting in an inflated proportion of predators within the system. Within 
headwater streams predators were dominated by early instars of the plecopteran genus 
Acroneuria, but in mid-reaches, early predators were dominated by early instars of 
the megalopteran genus Corydalus. Another difference observed between the 
functional feeding composition of Triplett Creek compared to that predicted by the 
river continuum concept occurred between the proportion of grazers and collectors in 
the mid-reaches; stream orders three, four, and five. At these sites a reduced 
proportion of grazers was observed than would be predicted by the river continuum 
concept, and this decreased amount of grazers was accompanied by an increased 
proportion of collectors comprising the community. The decreased proportion of 
grazers in these communities could be due to factors limiting algal growth and 
productivity, the primary food source of grazers. Many factors could be contributing 
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to the reduction of algal growth within this system including sedimentation acting to 
cover the substrate and reduce the penetration -·of solar radiation through the water, 
and constant large scale channel alteration caused by increased runoff from 
impervious surfaces within the watershed. Doisy and Rabeni (2001), however, 
analyzed functional feeding grouped assemblages with respect to food presence and 
availability, and concluded that their results did not support the idea that functional 
feeding groups were responding to food variables. A more thorough analysis of 
functional feeding assemblages in Triplett Creek would have to be completed to 
better address these differences. 
Landscape scale analysis of macro invertebrate community structure indicated 
that the most influential landscape gradient analyzed was the distance from sample 
sites to the headwater source of the stream. This result suggests that the longitudinal 
position of sample sites in a stream system was the best predictor of 
macroinvertebrate community composition. The longitudinal position of a sample 
site strongly influences many physical, chemical, and hydrologic properties as well as 
energy inputs and flow as described by Vannote et al. (1980). The most influential 
land use class on macroinvertebrate communities was found to be urban land uses. 
This result is similar to results found in other studies (Wang et al. 1997, Potter et al. 
2005, Kennen and Ayers 2002) where the proportion of the watershed represented by 
impervious surfaces most affected in-stream community composition and biotic 
integrity. Wang et al. (1997) attributed this influence of urban lands on stream biotic 
integrity to the drastic and continual changes in channel morphology and hydrologic 
70 
properties caused by increasing impervious surfaces within a watershed, and these 
effects are evident when only 5% of a watershed is covered by impervious surfaces. 
Even though urban lands were the most influential land use on in-stream 
biotic integrity, there was a relative shift from the proximity of urban lands to 
sampling sites being most influential at the catchment scale to the proportion of urban 
lands being more important at the riparian buffer scale. Therefore, at larger scales 
such as the catchment the most important consideration is how close are impervious 
surfaces to the stream site. When looking at only a small area around the stream, 
however, it is more important to know how much of the riparian corridor is composed 
of impervious surfaces. 
Analysis at the 1000m reach scale suggests that the most influential land 
use/cover type is forest, indicating the importance of intact and functional vegetated 
riparian zones close to the sampling site. Riparian zones provide many services to the 
stream system including shading, temperature control, energy input from leaf litter, 
sediment retention, and filters for pollution. The loss of riparian vegetation can 
significantly alter the stream community composition near the affected area. In a 
study of the effects of canopy on the structure of macroinvertebrate communities, 
Hawkins et al. (1982) found that riparian shading was more influential than substrate 
composition and determined both invertebrate and vertebrate abundances by affecting 
quality and availability of primary food sources. 
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Hierarchy Theory and Effects of Scale 
As previously mentioned, two assumptions form the basis of hierarchy theory. 
First, lower levels in the hierarchy should have stronger and more direct relationships 
with response variables than the higher levels. Second, the higher levels of the 
hierarchy act to constrain the lower levels of the hierarchy. In application of 
hierarchy theory to this analysis these two assumptions need to be addressed. From 
landscape analysis of macroinvertebrate communities at multiple spatial scales, the 
overall influence of the analyzed landscape indicators did not explain more 
community variance at the local level compared to the higher levels in the hierarchy 
(Table 16). The relative influence of individual landscape variables with 
macroinvertebrate community composition changed across spatial scales, but the 
overall influence remained approximately the same. The influence ·Of forested lands 
increased greatly at local scales compared to the catchment scale, but the relative 
influence of urban lands decreased from the 1000 m reach local scale to the 
catchment scale. The lack of observed differences between spatial scales could be 
caused by many factors including the analysis of short landscape gradients, the small 
sample size, analysis of inappropriate scales, and the limited spatial extent of the 
study area. 
In this study, there was some indication of possible constraints in influences 
from higher hierarchical levels on the local hierarchical levels. Catchment urban land 
use was very influential on macroinvertebrate community composition, but analysis 
at the 1000 m reach scale determined that forest land near the sampling sites was 
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more influential. A possible explanation for this observation is provided by a similar 
study on North Carolina Piedmont streams.by Potter et al (2005). In this study, the 
authors found these same results, and concluded that riparian vegetation at local 
scales is very influential, but the effects of intact riparian areas can be constrained or 
overwhelmed by regional land use within the watershed. A more detailed analysis 
focusing on this idea would be needed to strengthen this hypothesis in the Triplett 
Creek Watershed to see if catchment scale land use is overwhelming the abilities of 
the local riparian vegetation. 
Conclusions and Future Directions 
The results of this study lend insight into the relative influence of landscape 
scale indicators at multiple spatial scales. This study extends the theory of watershed 
analysis on macroinvertebrate community structure and function in a predominately 
forested area; a landscape that has not been intensively studied at the watershed scale. 
Watershed managers and planners can use the information from this study to manage 
riparian areas, determine watershed sources of impairment or decline, and for 
preventive planning. 
The selection of appropriate scales for quantification and analysis is extremely 
important in the experimental design for ecological research. The selection of scales 
should be completed to satisfy the research objectives of the current study, and 
hierarchy theory can be used to aid in the selection of scales for analysis. The 
problem arises, however, when the best scale of analysis is not known to address the 
current research question. Further research needs to be completed relating landscape 
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processes to in-stream structure and function at multiple spatial scales to determine 
appropriate scales for analyses. If streams are to be viewed in this nested hierarchical 
approach, then an appropriate experimental design should be utilized that rakes into 
account this hierarchical organization. Wiley et al. (1997) concluded that a fully 
nested design replicated in space in time is needed to adequately address questions 
related to scale. Such a design, however, would be time, energy, and monetarily 
expensive to implement. 
The selection of an appropriate data source for quantifying landscape scale 
indicators is essential in multi-scale studies of stream ecosystems. In this study, only 
Landsat 5 TM data was used to determine land cover at all spatial scales. At larger 
. spatial scales such as the catchment this data source is sufficient, but the 30m spatial 
resolution of Landsat 5 TM data, however, might be too coarse for quantification of 
landscape indicators at small spatial scales. Landsat 5 TM is not the best data source 
at smaller scales because only a limited amount of pixels would be analyzed which 
would constitute of an extremely small sample size. Rowlinson et al. (1999) 
recommended using 1: 10000 scale aerial photography for mapping riparian zone 
characteristics and vegetation due to the small spatial extent of interest. 
In this study, a limited group oflandscape indicators was quantified, and 
related to macroinvertebrate communities. Further research should include the 
integration of watershed geology, climate, and measures oflandscape condition ( eg. 
forest health). Other biotic communities should also be monitored including fish and 
algae because landscape influences could be different on each community. An 
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analysis of the physical and chemical properties of the stream in relation to landscape 
indicators would also provide the 'missing link' between the landscape and the stream 
biota, because the landscape initially affects these in-stream physical and chemical 
properties, which ultimately affect the biotic communities. This analysis would allow 
for stronger conclusions and linkages between indicators to be derived, and would 
provide a more comprehensive understanding of watershed scale processes. 
Harding et al. (1998) found that historical land use/cover in a watershed was a 
better determinant of in-stream macroinvertebrate communities than present day land 
use. The authors concluded that the instream communities, now found in 
predominately forested watersheds, had not been able to recover from agricultural 
practice that occurred in the watershed over thirty years previous to the analysis. In 
this current analysis of the Triplett Creek Watershed, only present land use/cover was 
analyzed, but an analysis of this concept, termed 'the ghost of land use past', in the 
context of the Triplett Creek Watershed would add further insight into how landscape 
indicators affect in-stream structure and function. 
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Appendix A 
Error Matrices Generated from Land Use/Cover Analysis 
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Table AI. Error matrix generated for the ISODATA classification. Reference data placed in columns and classified 
data placed in rows. 
Open Forest Herbaceous Dev. Low Dev. High Bare Soil Total Water Intensity Intensity 
Open Water 44 · 3 1 0 0 2 50 
Forest 0 106 4 0 0 0 110 
00 
V, 
Herbaceous 0 2 85 0 0 0 87 
Dev.Low 1 5 1 Intensity 39 0 5 51 
Dev. High I 4 0 1 34 10 50 Intensity 
Bare Soil 1 6 1 4 0 40 52 
Total 57 126 92 44 34 57 400 
Table A2. Error matrix generated for the ML#l classification. Reference data placed in columns and classified data 
placed in rows. 
Open Forest Herbaceous Dev. Low Dev. High Bare Soil Total Water Intensity Intensity 
Open Water 47 1 1 1 1 0 51 
Forest 0 112 8 1 0 0 121 
00 Herbaceous 0 1 
0\ 
70 0 1 0 72 
Dev.Low 0 3 1 Intensity 33 0 15 52 
Dev. High 1 2 0 1 38 8 50 Intensity 
Bare Soil 0 3 0 2 0 49 54 
Total 48 122 80 38 40 72 400 
Table A3. Error matrix generated for the ML#2 classification. Reference data placed in columns and classified data 
placed in rows. 
Open Forest Herbaceous Dev.Low Dev. High Bare Soil Total Water Intensity Intensity 
Open Water 48 2 0 0 0 0 50 
Forest 0 111 13 2 0 0 126 
00 Herbaceous 0 2 62 1 I 0 66 
-.J 
Dev.Low 0 5 0 37 1 7 50 Intensity 
Dev.High 0 2 0 0 36 13 51 Intensity 
Bare Soil 1 0 0 1 1 54 57 
Total 49 122 75 41 39 74 400 
Table A4. Error matrix generated for the ML#3 classification. Reference data placed in columns and classified data 
laced in rows. 
Open Forest Herbaceous Dev. Low Dev. High Bare Soil Total Water Intensity Intensity 
Open Water 48 2 0 0 0 0 50 
Forest 0 111 13 2 0 0 126 
00 
00 Herbaceous 0 2 62 1 1 0 66 
Dev.Low 0 1 0 46 0 3 50 Intensity 
Dev. High 0 3 0 2 38 8 51 Intensity 
Bare Soil 1 0 0 1 1 54 57 
Total 49 119 75 52 40 65 400 
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Table B 1. Comparison of conditional kappa values for open water in the landcover 
classification of the Licking River Watershed in Eastern KY. Z-scores are in the 
lower left and p-values are in the upper right. 
ISODATA 
ML#! 
ML#2 
ML#3 
ISODATA ML#l ML#2 ML#3 
1.107 
2.087 
2.087 
0.134 0.018 0.018 
0.158 0.158 
1.001 0.500 
1.001 0.000 
Table B2. Comparison of conditional kappa values for forest in the landcover 
classification of the Licking River Watershed in Eastern KY. Z-scores are in the 
lower left and p-values are in the upper right. -
ISODATA 
ML#! 
ML#2 
ML#3 
ISODATA ML#l ML#2 ML#3 
0.001 0.000 0.000 
0.000 0.000 3.218 
7.309 
7.182 
4.268 0.451 
4.138 0.124 
Table B3. Comparison of conditional kappa values for herbaceous in the landcover 
classification of the Licking River Watershed in Eastern KY. Z-scores are in the 
lower left and p-values are in the upper right. 
ISODATA ML#l ML#2 ML#3 
ISODATA 0.429 0.057 0.057 
ML#! 
ML#2 
ML#3 
0.178 
1.582 
1.582 
0.097 0.097 
1.297 0.500 
1.297 0.000 
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Table B4. Comparison of conditional kappa values for developed low intensity in 
the landcover classification of the Licking River Watershed in Eastern KY. Z-scores 
are in the lower left and p-values are in the upper right. 
ISODATA 
ML#! 
ML#2 
ML#3 
ISODATA ML#l ML#2 
3.873 
0.662 
4.240 
0.000 0.254 
3.161 
8.061 
0.001 
4.851 
ML#3 
0.000 
0.000 
0.000 
Table BS. Comparison of conditional kappa values for developed high intensity in 
the landcover classification-of the Licking River Watershed in Eastern KY. Z-scores 
are in the lower left and p-values are in the upper right. 
ISODATA ML#l ML#2 ML#3 
ISODATA 
ML#! 
ML#2 
ML#3 
2.191 
0.649 
1.785 
0.014 
1.566 
0.430 
0.258 
0.059 
1.149 
0.037 
0.334 
0.125 
Table B6. Comparison of conditional kappa values for bare soil in the landcover 
classification of the Licking River Watershed in Eastern KY. Z-scores are in the 
lower left and p-values are in the upper right. 
ISODATA 
ML#! 
ML#2 
ML#3 
ISODATA ML#l 
4.159 
5.529 
5.536 
0.000 
1.280 
1.315 
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ML#2 
0.000 
0.100 
0.045 
ML#3 
0.000 
0.094 
0.482 
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Relative Influence of Landscape Indicators on Macroinvertebrate 
Communities in a Predominately Forested Watershed: Effects of Spatial 
Scale 
Ephemeroptera 
Baetidae 
Baetis 
Caenidae 
Caenis 
Ephemerellidae 
Ephemerella 
Eu,ylophella 
Heptageniidae 
Epeorus 
Heptagenia 
Stenacron 
Stenonema 
Isonychiidae 
Jsonychia 
Leptophlebiidae 
Leptophlebia 
Plecoptera 
Chloroperlidae 
Haploperla 
Leuctridae 
Paraleuctra 
Nemouridae 
Amphinemura 
Peltoperlidae 
Peltoperla 
Perlidae 
Acroneuria 
Eccoptura 
Perlodidae 
Diploperla 
Jsoperla 
Trichoptera 
Glossosomatidae 
Glossosoma 
Hydropsychidae (Pupa) 
Hydropsychidae (Larva) 
Ceratopsyche 
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Cheumatopsyche 
Hydro psyche 
Hydroptilidae 
Stactobiella 
Limnephilidae 
Apatania 
Pyncnopsyche 
Philopotamidae 
Chimarra 
Dolophilodes 
Polycentropodidae 
Polycentropus 
Uenoidae 
Neophylax 
Megaloptera 
Corydalidae 
Co,ydalus 
Nigronia 
Sialidae 
Sialis 
Diptera 
Ceratopogonidae 
Chironomidae 
Empididae 
Hemerodromia 
Ephydridae 
Pa,ydrus 
Muscidae 
Limnophora 
Simuliidae 
Prosimulium 
Simulium 
Stratiomyidae 
Nemotelus 
Tipulidae 
Antocha 
Dicranota 
Hexatoma 
,. 
Limonia 
Tipula 
Odonata 
Coenagrionidae 
Argia 
Cordulegastridae 
Cordulegaster 
Gomphidae 
Gomphus 
Lanthus 
Stylogomphus 
Coleoptera 
Chrysomelidae 
Curculionidae 
Dryopidae 
Helichus 
Dytiscidae 
Neoporus 
Elmidae 
Acrone,yx 
Stene/mis 
Gyrinidae 
Dineutus 
Hydrophilidae 
Anacaena 
Cymbiodyta 
Enochrus 
Tropisternus 
Psephenidae 
Ectopria 
Psephenus 
Ptilodactylidae 
Anchytarsus 
Staphylinidae 
Hemiptera 
Gerridae 
Trepobates 
Veliidae 
Microvelia 
Rhagovelia 
Collembola 
Isotomidae 
Orthoptera 
Tetrigidae 
Lepidoptera 
Noctuidae 
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Archanara 
Simyra 
Pyralidae 
Acentria 
Crambus 
Tortricidae 
Archips 
Amphipoda 
Crangonyctidae 
Syrunella 
Gammaridae 
Gammarus 
Isopoda 
Assellidae 
Caecidotea 
Decapoda 
Cambaridae 
Orconectes 
Pelecypoda 
Corbiculidae 
Corbicula 
Gastropoda 
Haplotaxida 
Gnathobdellida 
Hirudinidae 
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Table D 1. Site locations for macroinvertebrate collections in the Triplett Creek 
Watershed. 
Site Stream Name Latitude Longitude Stream Date Order Sampled 
1 Christy Creek 38.18531 N 83.33219W 3 l0N/04 
2 Triplett Creek 38.23155 N 83.37249W 4 llN/04 
3 N. Fk. Triplett 38.18788 N 83.49480 W 5 I2N/04 
4 Dry Creek 38.15541 N 83.38224 W 3 13N/04 
5 Cold Springs 38.17518 N 83.34716W 1 l4N/04 
6 Big Brushy 38.19246 N 83.50734 W 3 15N/04 
7 Bratton Branch 38.18944 N 83.50339 W 2 I7N/04 
8 Glenwood Branch 38.26949N 83.33630W 2 l8N/04 
9 Lee Branch 38.18630 N 83.33641 W 1 20N/04 
10 Christy Creek 38.18578 N 83.35437 W 4 2IN/04 
11 Rock Fork 38.64129 N 83.47634 W 3 l0NV04 
12 Dry Creek 38.15333 N 83.36642 W 2 11NV04 
13 Triplett Creek 38.18282 N 83.42023 W 5 llNV04 
14 N. Fk. Triplett 38.20276 N 83.53389 W 5 05NV04 
15 Dry Creek 38.16354 N 83.43089 W 4 25NV04 
16 Rodbum Creek 38.33129 N 83.46630 W 2 l0NV04 
17 Big Perry 38.23652 N 83.37663 W 2 03NW04 
18 Christy Creek 38.18834 N 83.36507W 4 04NlV04 
19 Triplett Creek 38.19212 N 83.41451 W 5 04NlV04 
20 Triplett Creek 38.19622 N 83.40862 W 4 04NlV04 
21 Triplett Creek 38.14868 N 83.51656 W 5 08NW04 
22 Triplett Creek 38.14651 N 83.51186 W 5 08NW04 
23 Christy Creek 38.18538 N 83.28356 W 2 lONlV04 
24 Open Fork 38.19622 N 83.40862 W 2 10NW04 
25 Christy Creek 38.18790 N 83.37711 W 4 lONW04 
26 Moore Branch 38.19034 N 83.37883 W 2 10NW04 
27 Christy Creek 83.35436 N 38.18578 W 4 15NIV04 
28 Christy Creek 38.19021 N 83.38169 W 4 15NIV04 
29 Triplett Creek 38.19210 N 83.41461 W 5 l5NW04 
30 Triplett Creek 38.18279 N 83.42028 W 5 15NW04 
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Table D2. Taxa abundances recorded for each site sampled for macroinvertebrates in the Triplett Creek Watershed. 
Sites 
Tax, 2 3 4 s 6 7 • 9 10 U U D MU U TI IB Um ll ll D M ~ U D ~ D • 
Baeti.s 
Caen/s 
Ephemerelfa 
Emy/op/1ella 
Epro= 
J/l'f}/agenio 
S/enacron 
lli DI W ffl 37 I~ ill m M ™ 12 51 Ml B m D 132 89 209 73 
Stenonema 
lsonychia 
Uptopl,/eb/a 
Jloploper/a 
Paral1?1Jctru 
Amphinemoura 
Peltoperla 
Acwneuria 
Eccop11,ra 
Dlploperla 
lsoperla 
Hydropsychidae 
35 24 
6 
0 
0 
0 
13 41 
33 
12 22 
30 
21 
8 
16 
0 
60 60 
65 
0 
16 
67 31 
0 
26 
0 
0 
0 
0 
2 
0 
Cheumatopsyche 12 
Hydrcpsyd1e 
S/actobiel!a 
Apatrmta 
Py1101opsyche 
Chlmarra 
Dofophilod~ 
PotycenlOpll3 
Neophylax 
0 
15 
0 
0 
0 
0 
0 
6 
0 
9 
0 
0 
0 
0 
0 
33 
6 
0 
0 
0 
13 
2 208 0 
0 
4 
0 
6 
12 48 
12 
4 
19 
18 67 
6 
0 
70 
0 
25 306 
0 
0 
2 
26 
0 
4 
6 
0 
0 
0 
14 
3 
11 
7 
0 
0 
0 
6 
0 
0 
JO 
0 
0 
0 
0 
30 
19 129 
0 
0 
0 
0 
28 
0 
0 
0 
0 
0 
0 
0 
0 
26 
0 
0 
0 
5 
0 
0 
0 
88 149 84 
28 
12 
0 
0 
IS 26 
0 7 
0 
2 
2 
19 
0 
38 113 16 
66 60 43 
0 0 
0 
0 
19 
0 
2 
4 
JO 
0 
0 
2 
0 
175 30 134 51 
4 
0 
0 
14 
0 
0 
2 
9 
0 
6 
5 
0 
0 
0 
0 
0 
13 
34 
2 
2 
6 
0 
39 
0 
0 
2 
0 
46 16 172 48 85 
0 
0 
0 
0 
0 
0 
0 
91 
0 
0 
16 
0 
0 
17 
0 
12 
0 
0 
0 
0 
181 
0 
0 
0 
0 
2 
2 
0 
0 
28 85 
5 
21 
254 6 
0 
163 
48 
0 
0 
0 
0 
0 
0 
0 
60 
54 
0 
4 
0 
0 
0 117 11 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
6 
18 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
JO 
4 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
17 
0 
0 
0 
24 
0 
0 
0 
0 
0 
0 
0 
4 
0 
0 
0 
0 
6 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
9 
0 
0 
0 
D 
12 95 
0 
0 
0 
7 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
2 
0 
0 
0 
0 
0 
0 
0 
20 44 
15 73 26 
0 
0 
0 
0 
0 
2 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
4 
13 
0 
25 n 30 34 ~ 36 g m a rn 36 n 
0 
6 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
30 
0 
0 
26 
51 
0 
0 
0 
0 
0 
2 
6 
0 
0 
0 
0 
0 
9 
0 
0 
16 46 
0 
0 
0 
0 
0 
0 
0 
0 
11 
0 
0 
0 
0 
0 
47 
0 
0 
0 
0 
0 
0 
0 
0 
0 
25 
0 
0 
0 
0 
0 
0 
0 
0 
0 
2 
0 
2 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
JO 
37 
0 
0 
0 
0 
4 
0 
0 
0 
0 
14 50 
15 
0 
0 
0 
0 
0 
0 
0 
0 
" 0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
6 
0 0 
0 
0 
0 
14 
0 
0 
0 
0 
2 
38 33 27 
0 375 87 200 18 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
4 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
9 
0 
0 
2 
0 
0 
0 
0 
6 
O ISi 72 159 29 
0 
0 
2 
0 
0 
36 
0 
0 
35 
0 
0 
0 0 
0 
0 
16 89 
0 
0 
0 
0 
0 
0 
0 
II 
0 
0 
l,C 
00 
Tmm 
Corydolus 
Nigronia 
Siu/is 
Ceratopogonidae 
Chironomldae 
llrmrrodromfo 
PoT)'drus 
l/nmopl,ora 
Prosi11TU!ium 
Simulium 
Nrmarefus 
ATl/ocho 
Dlcnmoto 
Jlexotomo 
lfmonlo 
Tfpulo 
Argio 
Cordulegaste.r 
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Cymbiodyro 
Enachrus 
0 
0 
2 
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3 
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0 
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0 
0 
0 
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18 
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0 
0 
0 
0 
0 
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0 
0 
2 
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0 
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0 
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9 
0 
0 
0 
0 
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0 
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40 
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0 
0 
0 
0 
0 
3 
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